This work investigates the remote vehicle tracking issue over constrained monitoring sensors and unreliable communication networks. A saturation function is used to describe the bounded time varying acceleration of the vehicle. A set of matrices are introduced to model the sensor monitoring conditions called captured states (CSs), and a Markov chain with time varying and partially unknown transition probability (TVPUTP) is proposed to analyze the conditions of the CSs. Then, a CS dependent nonfragile estimator is designed based on the measured unreliable vehicle information, and the estimation error system (EES) is derived. Two theorems are established to ensure that the EES satisfies the finite-horizon (FH) H ∞ performance. Finally, an example is introduced to show the effectiveness of the results.
I. INTRODUCTION
Vehicle intelligence is a main trend in both automotive and transportation fields, and the research of intelligent vehicle mainly focuses on improving the safety, as well as providing excellent human-vehicle interface, and so on [1] , [2] . This field attracts a lot of attention from researchers, and many theories have been put forward. In [3] , a survey of the frameworks of traffic control and intelligent vehicle highway systems, and some outstanding issues and future challenges were identified. In [4] , based on the chicken-game-theory algorithm, the researchers proposed a Cooperative Adaptive Cruise Control systems to control vehicle movements at uncontrolled intersections. In [5] , according to the special radio frequency identification, a smart traffic control system was presented for special vehicle control. However, the vehicle states are indispensable for control and safety, therefore how to estimate the vehicle's state (i.e., the tracking problem) becomes critical.
In general circumstance, tracking for a vehicle needs many monitoring sensors when it is running on a level road [6] , [7] . Under the practical circumstance, it is impossible and unrealistic that the monitoring sensors monitor the moving The associate editor coordinating the review of this manuscript and approving it for publication was Usama Mir . vehicle ideally at all times, so the information captured by the monitoring sensors may be incomplete or missing [8] , [9] . Some theories were proposed for vehicle tracking based on the obtained information by the sensor [10] , [11] . According to the extended Kalman filter, a unique approach for vehicle tracking by simultaneous detection and estimation was designed to efficiently integrate all available information into the tracking [12] . A new technique about nonlinear observer design was proposed by utilizing better bounds on nonlinear functions in the dynamics for this challenge [13] . Considering a vehicle with partial observations and varying viewpoints, the authors proposed a part-based particle filter for vehicle tracking [14] . In some works, the actual measurement cases of the monitoring sensor was modeled by random Bernoulli process [15] and Markov model [16] - [21] . Inspired by these works, how to study a more general Markov model is an interesting and important problem, which has not been fully studied.
For wireless transmission networks, with the increasing of the amount of data transmitted, packet dropouts and time delays are inevitable in the case of limited communication channel capacity [22] - [24] . How to study networked control systems has become an important problem [25] - [28] . In [29] , considering the unreliable communication link, a stochastic Bernoulli variable was proposed to describe the packet dropouts. In [30] , a finite-state Markov process was used to describe the packet dropouts, and time varying Kalman filter was proposed to analyse the peak covariance stability. In [17] , packet dropouts, time delays and sensor nonlinearity caused by unreliable communication link were simultaneously considered. In [31] , an adaptive transmission policy was designed for the wireless fading channels with the delay-sensitive and bursty traffic source. Therefore, it is difficult and necessary for researchers to design a reasonable transmission model, which is worth further studying.
This work addresses the issue of vehicle tracking over limited monitoring sensors and unreliable transmission channels. The simplified system structure diagram is shown in FIGURE 1. An estimator is designed based on the available data, and two results are obtained to ensure that the estimation error system (EES) achieves the finite-horizon (FH) H ∞ performance. Finally, a numerical example is introduced to show the effectiveness of the derived results. This paper possesses the following contributions:
• With the purpose of establish a more general model of the vehicle acceleration, a saturation function σ (·) is used to describe a bounded vehicle acceleration with a time varying change rate ρ(k).
• The CSs are introduced to model the sensor monitoring condition. A Markov chain with time varying and partially unknown transition probability TVPUTP) is proposed to describe the variation of these CSs, which is a more general model than [34] , [35] .
• A CS dependent non-fragile estimator is designed on the basis of the unreliable measurements to improve the robustness of the estimator. Besides, the FH H ∞ performance of the EES is analyzed.
The organization of the paper is as follows. A moving vehicle with limited monitoring sensors and unreliable communication networks are described in Section II. In Section III, sufficient conditions of the FH H ∞ performance are given. In Section IV, the CS dependent non-fragile estimator gain design is shown. In Section V, an example is described, and conclusions are given in Section VI.
Notations: The symbols R n and R m×n stand for n-dimensional vector and m × n real matrix, respectively. The symbol X T means the transpose of the matrix X , diag n {·} denotes the diagonal matrix belonging to R n×n . P ı (k) [0,N ] denotes the matrix P ı (k), k ∈ [0, N ]. E {·} means the expectation of a stochastic variable.
II. PROBLEM FORMULATION AND PRELIMINARIES A. VEHICLE MOVING DESCRIPTION
A vehicle moving with acceleration a on a level road is considered, where the acceleration a satisfies the following equilibrium equations [32] :
where parameters F x 1 and F x 2 respectively represent the braking force on the front wheels and rear wheels of a fourwheel-drive. The parameters F z 1 and F z 2 are the vertical forces under the front and rear wheels, respectively. The constant vector g is the gravitational acceleration. The constant scalar a 1 is the length between the vehicle's mass center and front axle, a 2 is the length between the vehicle's mass center and the rear axle, and h is the height of the vehicle's mass center.
Considering the all-wheel drive vehicle, and assuming that the friction coefficients at the tires are equal, and all tires reach their maximum traction at the same instant,
where µ stands for the friction coefficient. In term of the equation (1), the maximum acceleration a max is
When the vehicle runs in a complex environment, the acceleration may change within the bound C [−µg, +µg], and the change rate of acceleration is ρ(k) ∈ [−ρ 1 , ρ 2 ], where ρ 1 and ρ 2 are positive numbers and dependent on the mechanical properties of the vehicle. A saturation function σ (ρ(k)a(k)) ∈ C is introduced to describe the acceleration at the instant k and is defined as
The kinematics model for the moving vehicle on a level road is as follows,
where the variables s(k), v(k), a(k) denote the displacement, velocity and acceleration, respectively. The constant scalar t 0 is the sampling interval, the one-dimensional variable ω(k) is the external noise. Lemma 1 [33] : A nonlinear function ψ(v) belongs to the sector [c 1 , c 2 ], if the following inequality:
holds for c 1 and c 2 . Based on the inequality (5) and the characteristic of saturation function, we assume that there exist scalars h 1 and h 2 such that 0 ≤ h 1 < 1 ≤ h 2 , the saturation function σ (ρ(k)a(k)) is supposed to consist of a linear part and a nonlinear part as
where ψ(ρ(k)a(k)) satisfies a sector condition with c 1 = 0 and c 2 = h 2 − h 1 , i.e., ψ(ρ(k)a(k)) meets the following inequality:
Define a state vector x(k) [s(k) v(k) a(k)] T and an objective vector z(k), the time varying state space model can be obtained as the following formula:
where
B. LIMITED MONITORING SENSORS
In order to improve the transportation efficiency, road safety, and intelligence, the first important thing is to obtain the moving states of the vehicle. Thus, when the vehicle runs on a road, the monitoring sensors are distributed on both sides of the road, whose measurement output y(k) is
where the variable ν(k) ∈ R m×1 is the external noise and the known matrices C ∈ R 2×3 and D ∈ R 2×m . In fact, sensors are often sparsely distributed, it is impossible and unrealistic for the monitoring sensors to monitor the moving vehicle at all times, in view of this, there are four cases that occur, which are described as follows.
1) The vehicle is missing for the monitoring sensors.
2) The vehicle is captured by the monitoring sensors, but only the displacement information is detected.
3) The vehicle is captured by the monitoring sensors, but only the velocity information is detected. 4) The vehicle is captured by the monitoring sensors, and both information are detected. A Markov chain ϑ(k) ∈ S {1, 2, 3, 4} with TVPUTP is introduced to describe the above cases, whose transition probability matrix is expressed as
where some elements in matrix (k) are unknown, i.e., denote the S ı
The monitoring measurement output of sensors (10) can be rewritten as
where M ϑ(k) are CS matrices, and
Remark 1: The vehicle may be missed or captured by the limited monitoring sensors, which was described by random Bernoulli process [15] , Markov model [16] , [17] . In the actual situation, the probability is always not all available, and not only the cases occur where the target is presence/absence [16] . Therefore, in this work, we consider the Markov chain ϑ(k) with TVPUTP, which is a more general description than the partially unknown probability of transition Markov model [34] , [35] and other existing ones.
With the wide application of remote state estimation, the issue that communication capacity constraints occur in the process of transmission is inevitable. In this paper, we aim at researching the problems of packet dropouts caused by the communication capacity constraint. In order to describe the packet dropouts, the received information by estimator is described as
where α ϑ(k) (k) ∈ {0, 1}, α ϑ(k) (k) = 1 denotes the successful data transmission, otherwise, denotes the packet dropouts, and α ϑ(k) (k) satisfies the following conditions:
Remark 2: The CS matrices M ϑ(k) have four cases. It needs to be emphasized that the vehicle is missing for the monitoring sensors and doesn't need to transmit the zero data to remote estimator when ϑ(k) = 1, in this case, we define α 1 (k) satisfying E{α 1 (k) = 1} = 0. In the other cases, considering the data of transmissions with limited bandwidth, packet dropout rates are closely related to transfer load, therefore, different transmission modes have different packet dropout rates.
C. NON-FRAGILE ESTIMATOR AND EES
A CS dependent non-fragile estimator is designed to estimate the states of the vehicle based on the received information, which is as follows,
where the vectorsx(k) andẑ(k) are the estimations for x(k) and z(k), respectively.
The
is the time varying matrix, which is assumed to be the following form: 
whereĀ Lemma 2 [37] : For matrices = T ∈ R n×n , 1 ∈ R n×n , 2 ∈ R n×n , and T ≤ I . The inequality
holds if and only if there exists a positive scalar > 0 such that
III. MAIN RESULTS
In this section, the FH H ∞ performance is analyzed for the EES (17) with TVPUTP. Theorem 1: Given a scalar γ > 0, and a matrix Q > 0, the EES (17) with constrained sensors and unreliable communication networks meets the FH H ∞ performance with the initial condition P ı (0) < γ 2 Q, if there exist matrices P ı (k) [0,N +1] > 0,K ı (k) [0,N ] , ε 1 > 0, such that the matrix inequalities (20) 
π ı (k)P  (k + 1)
. Proof: The Lyapunov function as in (21) is considered,
where P ϑ(k) (k) > 0, ∀k ∈ [0, N ]. Denote ϑ(k) ı, ϑ(k + 1)  , and the difference of Lyapunov function in the mean sense is defined as
In term of Lemma 1, C [−µg, +µg] and the inequality (7) , the nonlinear function φ(ρ(k)H e(k)) satisfies the inequality (23) for any scalar ε 1 > 0, Considering the inequality constraint (24) for the nonlinear part of saturation function and submitting the time varying EES (17) into (22) , we have
whereP
Adding the following zero term to (25) :
then the inequality (25) can be modified as
where 
Utilizing the Schur complement lemma to (20) , we have
In terms of (30) and (31), considering the FH H ∞ performance defined in Definition 1, we introduce the index J (N ) as follows, 
In term of Theorem 1, the inequalities E{e(N + 1) T P ϑ(N+1) (N + 1)e(N + 1)} ≥ 0 and e(0) T (P ϑ(0) − γ 2 Q) e(0) ≤ 0, the inequality J (N ) < 0 can be derived. Then, based on Definition 1, the EES (17) meets the FH H ∞ performance.
IV. ESTIMATOR DESIGN
Based on the analysis above, we begin to design the nonfragile estimator gains in Theorem 2.
Theorem 2: Given a scalar γ > 0, the EES (17) 
hold for k ∈ [0, N ], wherê
then the estimator gains are listed as
Proof: Before the proof, we first define the matrices
Then, according to the Lemma 2, we have (k) + 1 11 Considering theK ı (k) K ı (k) + K ı (k) and K ı (k) = F ı (k)N ı , and applying Schur lemma to matrix inequalities (38), the obtained matrices are equal to the matrix inequalities (20) pre-and post-multiplying diag 6 {I , I , I , I , G ı (k), G ı (k)} and its transposition, because of the fact that for any matrices P  (k + 1) and G ı (k), the following inequality holds:
Thus the conditions (20) hold, which imply that the EES (17) meets the FH H ∞ performance γ .
V. NUMERICAL EXAMPLE
In this section, the effectiveness of the FH H ∞ non-fragile estimator design method is verified by numerical simulation, and we assume the FH is k ∈ [1, 20] . Since the monitoring sensors cannot monitor vehicle state information at all times, there are four cases occur. We consider the TVPUTP matrix as 
where π 12 , π 13 , π 31 , π 32 are unknown probabilities. The acceleration saturation function is defined as
if − a max ≤ā ≤ a max ;
−a max , else The positive definite matrix Q = diag 3 {9.0, 9.0, 9.0}, the performance index γ = 2.2361, the external noises ω(k) = e −0.1k sin(k) and ν(k) = e −0.1k sin(k). The estimator parameter uncertainties are described by the following matrices: In terms of the above parameters and the matrix inequalities (33), (34) and the estimator gains (36), we use the Matlab toolbox to compute the feasible solution and get the estimator gains K i (k) for i ∈ [1, 4] , k ∈ [1, 20] , where K 1 (k) ≡ 0 and K 2 (k), K 3 (k), K 4 (k) are shown in TABLES 1 − 3.
In order to illustrate the effectiveness of the non-fragile estimator by simulation, the initial states of the vehicle system and non-fragile estimator are set as x = 1 0.2 0.5
T ,x = 0 0 0 T .
Considering the randomness of Markov chains that occurs in measurement process and random packet dropouts exist during the transmission, we repeat simulation experiment = 100 times under the same system matrices, estimator gains, disturbance and the initial conditions. Then we get the averages of the states and their estimations as x(k) ι= ι=0 x ι (k)/ ,x(k) ι= ι=0x ι (k)/ . Based on the above, the trajectories ofx(1, k),x (2, k) and their estimations are shown in FIGURE 2. 
VI. CONCLUSION
In this work, a vehicle moving with bounded acceleration on a level road has been investigated, and a saturation function σ (·) has been designed to describe the vehicle's acceleration. A Markov chain with TVPUTP has been proposed. Then, the CS dependent non-fragile estimator has been established to improve the robustness, and the EES has been derived. Two theorems have been given to ensure that the EES satisfies the FH H ∞ performance. The estimators gains have been derived by Matlab tools box. Finally, an example has been introduced to illustrate the results. In future work, this research could be carried out in the real world to help control AI vehicles.
